The direct collaboration between EZH2 and Rb/E2F1 pathway provides an innovative mechanism underlying the cascade of tumor progression, and lays the foundation for the development of new anticancer targets/strategies.
INTRODUCTION
Deregulation of proteins involved in the epigenetic machineries is commonly observed in cancer, and the resultant aberrant gene expression leads to cancer initiation, progression and metastasis. One of the epigenetic regulators, the histone methyltransferase EZH2 (enhancer of zeste homolog 2), is frequently misregulated in a broad spectrum of tumors (1). As numerous studies have demonstrated that EZH2 plays a crucial role in multiple steps during tumor progression (2) , targeting EZH2 represents a promising therapeutic option for advanced cancers. Several highly selective inhibitors of EZH2 methyltransferase activity have been generated (3) (4) (5) . However, the biological processes affected by the EZH2 inhibitors are incompletely understood, and the molecular determinants of cancer cell responses to the drugs are still unclear.
EZH2 was originally identified as the catalytic subunit of the Polycomb repressive complex 2 (PRC2), which methylates K27 on histone H3 and leads to transcriptional silencing (6, 7) . The oncogenic functions of EZH2 have been predominantly contributed to repression of tumor suppressor genes.
However, increasing evidences, including our previous work, suggest that EZH2 may exert its oncogenic activities by transcriptional activation of genes critical for cancer progression (8) (9) (10) . Under these scenarios, EZH2 physically interacts with signaling components other than PRC2 subunits, such as RelA/B, ER, and AR, to integrate the signaling circuitries for cancer-specific transcriptional programs. Therefore, it becomes intriguing and important to address the factors or pathways that cooperate with the oncogenic activity of EZH2.
To explore the transcriptional network in which EZH2 is involved to promote cancer progression, we developed a computational approach, named Gene Signature Association Analysis (GS2A), to infer the novel transcriptional collaborators of EZH2. The term "transcriptional collaborator" here refers to the factors that are co-localized with EZH2 at specific chromatin loci and cooperate to regulate the expression of a significant number of downstream target genes. The candidate collaborator predicted from GS2A was further validated using both experimental approaches and analysis of published datasets in other cancer types.
MATERIALS AND METHODS

Data collection
The candidate collaborator list of 2196 genes were curated by taking the union of (i) 1836 sequencespecific DNA binding TFs published by Vaquerizas et al (11) , and (ii) 1469 TFs, 296 transcription co-factors, and 117 chromatin remodeling factors available at AnimalTFDB database (12) . CistromeMap database (http://cistrome.org/pc/) was used for the query of publicly available ChIP-seq datasets (13) .
E2F1 and BRCA1 ChIP-seq datasets from ENCODE cell lines were downloaded from UCSC genome browser databases.
Identification of EZH2 solo peaks from ChIP-seq
EZH2 and H3K27me3 ChIP-seq data in abl cell line was processed using MACS v2.0 based on FDR<0.01 (14) . To measure the EZH2 and H3K27me3 ChIP-seq intensity, we count the number of ChIP-seq reads within a 400 bp window centered by the summit of each EZH2 peak. If a read partially overlap with the window, the fraction of the read within the window is added to the count. To define the threshold for determining EZH2 solo peaks, we selected the top 1000 EZH2 peaks with highest EZH2 binding intensity, and plotted the cumulative distribution of H3K27me3 intensity (Supplemental Fig. 1) . A plateau is observed in the curve, confirming the existence of bi-model. The threshold was then chosen at the point where the slope of the curve is minimal.
Determining signature genes
The EZH2 (E2F1)-activated signature genes were selected based on: (i) down-regulated upon EZH2 (E2F1) silencing with FDR<0.01 and fold-change>1.5; (ii) bound with EZH2 solo (E2F1) peaks at the promoter, i.e. +/-2kb from Transcription Start Sites (TSS), in ChIP-seq data.
Preprocessing patient sample gene expression profile
For microarray datasets, raw measurements were normalized using RMA (Robust Multi-array Average). For RNA-seq data from TCGA, measurements in Reads Per Kilobases per Million reads (RPKM) were transformed into log-scale, where a pseudocount of 1 was added to the RPKM measure. The normalized data underwent Inverse Normal Transformation (INT) over the expression vector of each gene. INT transforms the distribution of variables into Gaussian, and represses the influence of the outliers on the correlation computation.
Association analysis between candidate gene and a set of signature genes
Suppose g is a candidate gene, G is the set of all genes in a data matrix, and S = {g , g , . . . , g } is a set of k signature genes such that Ss . We compute the Pearson correlation Cor(g , x) between g and any other gene x in G. Let m and sd be the mean and standard deviation of Cor(g , x) for any x ∈ G − {g }, the significance of coexpression association between g and the signature gene set S is computed as:
This definition of association score is analogous to the modified GSEA score proposed by Irizarry et al, which takes the form of a z-score (15) .
Robust Rank Aggregation
To integrate multiple rank lists from multiple datasets, we employed the Robust Rank Aggregation (RRA) algorithm proposed by Kolde et al (16) . Suppose R = (r , r , = (r ) is a the vector of ranks of a gene in n lists, where the numbers of genes in the lists are represented as M = (m , m , = (m ). RRA first normalizes the ranks into percentiles U = (u , u , = Ru ), where u = r /m (i = 1,2, irst . Under null hypotheses where the percentiles follow uniform distribution between 0 and 1, the kth smallest value among u , u , Uu is an order-statistic which follow Beta distribution B(k, n + 1 − k) . RRA computes a p-value p for the kth smallest value based on Beta distribution. The significance score of the gene, i.e. ρ-value, is ρ=min (p 1 , p 2 , …, p n ) In GS2A, each candidate gene is assigned a "ρ-value" computed from order statistic, and a consensus rank list is generated in ascending order of the ρ-values. GS2A randomly permutes the order of candidates in each list to determine the distribution of ρ-value under the null hypothesis that 
Motif enrichment analysis on ChIP-seq peaks
The sequences of 300-bp in length centered on summit were extracted for each ChIP-seq peak, and scanned with Position Weight Matrices. To determine the threshold for a motif "hit", background sequences of same length were randomly extracted from promoter regions (+/-2kb of TSS) of all RefSeq genes. Given a PWM, the threshold was chosen such that 10% of the background sequences have at least one hit.
Prostate cancer cell lines and culture conditions
The prostate cancer cell line LNCaP was obtained from the American Type Culture Collection, and cultured in RPMI-1640 medium supplemented with 10% fetal bovine serum (FBS), 2 mM glutamine, 100 U/mL penicillin, and 100 mg/mL streptomycin. LNCaP-abl (abl) cell line was kindly provided by Zoran Culig (Innsbruck Medical University, Austria). It is maintained in phenol-red-free RPMI-1640 medium (Gibco) with the same supplements except for 10% charcoal-dextran-stripped FBS. Both cell lines have recently been authenticated at Bio-Synthesis Inc. and confirmed to be mycoplasma-free using MycoAlert Mycoplasma Detection Kit (Lonza).
Transfection and Western blot
Two different expression plasmids for HA-tagged E2F1 were purchased from Addgene. A total of 2 ug of each E2F1 construct were transfected into LNCaP cells using SuperFect (Qiagen) 
RNA isolation and RT-PCR
RNA was extracted and purified using the TRIzol Reagent and RNeasy Mini Kit (Qiagen) according to manufacturer's protocols. Real-time quantitative RT-PCR was performed upon cDNA synthesis using High Capacity cDNA Reverse Transcription Kit (Applied Biosystems). Gene expression was calculated relative to the level of GAPDH using the 2 -ΔΔCt method as described previously (9) .
Sequences of primers were listed in Supplemental Table 5 .
Standard ChIP and ChIP-seq assays
Chromatin immunoprecipitation (ChIP) experiments were performed as previously described (9) . ChIP DNA was purified using PCR Purification Kit (Qiagen) and quantified by Quant-iT TM dsDNA HS Assay 
Co-immunoprecipitation (co-IP) assays
The co-IP experiments of endogenous EZH2 and E2F1 proteins were performed in abl cells as describe previously (9) . Antibodies used for the co-IP assays include 6 ug of E2F1 (sc-193; Santa 
RNA-seq protocols and data analysis
RNA-seq library was prepared using Illumina True-seq RNA sample preparation kit and sequenced to 50bp using Illumina Hi-seq platform. The RNA-seq data was mapped to human genome build 37 (hg19) using TopHat version 2.0.6 (17) . Gene expression level was calculated as gene-based FPKM (fragment count per kilobases per million reads) using Cufflinks version 2.0.2 (18) , and the differential gene expression was measured as the fold change of the FPKM between knockdown and control conditions.
Genome re-sequencing of LNCaP and abl cell lines
Prostate cancer cell lines LNCaP and abl genomic DNA were extracted using QIAGEN QIAamp DNA Mini Kit. 100bp paired sequencing was performed using Illumina Hi-Seq platform. Paired reads of DNA sequences were aligned with BWA software (19), followed by realignment, re-calibration, quality control and genomic variant calling using GATK pipeline version 1.1 with default settings (20) . Profile of relative copy number variations between LNCaP and abl were computed using VarScan version 2.2 (21).
Software availability
Source codes of GS2A modules are publicly accessible at https://github.com/xh1974/GS2A.
Data Access
RNA-seq and ChIP-seq datasets generated along with the work have been submitted to Gene Expression Omnibus (GEO) with accession numbers GSE56331 and GSE67809, respectively. The relative copy number changes between LNCaP and abl, as processed by VarScan on whole genome re-sequencing data, are available in Supplemental Table 7 . 
Bi-model of EZH2 chromatin binding in castration resistant prostate cancer cells
To explore the oncogenic function of EZH2 in cancer, we mapped EZH2 chromatin binding sites and H3K27 trimethylation (H3K27me3) signals in LNCaP-abl (abl) (9), a prostate cancer cell model that strongly resembles the clinical cases of metastatic, hormone-refractory prostate tumors (22) . The ChIP-seq profiling revealed two types of EZH2 binding sites: "ensemble" peaks with both EZH2 and H3K27me3 enrichment (Fig. 1A) , and "solo" peaks with only EZH2 binding signals (Fig. 1B) . We analyzed the ChIP-seq data by quantitatively measuring the H3K27me3 signal across 26,645 EZH2 peaks in the genome, and confirmed the bi-model EZH2 binding in abl (Fig. 1C) , with 22,042 (82.7%) ensemble peaks and 4,603 (17.3%) solo peaks (Supplemental Table 1 ).
To gain insights into the biological functions of these two distinct patterns of EZH2 chromatin binding, we examined the association of the peaks with EZH2-regulated genes ( RefSeq genes bound by the solo peaks (p=1.73E-6). Gene ontology analysis on the 56 genes showed significant enrichment of cell-cycle regulators (p=2.0E-6) and DNA packaging genes (p=1.7E-7) (Fig. 1E) . It is interesting to note that no enrichment of ensemble peaks at EZH2-repressed genes was observed. Among these EZH2-activated genes, several have been indicated to play critical roles in cancer progression, such as ATAD2 (23), CDK1 (24) and FOXM1 (25) . In prostate cancer patient samples (26) , these signature genes are significantly upregulated in the metastatic prostate tumors comparing to the primary cancer samples (Fig. 1F) . These lines of evidence imply a novel yet important function of EZH2 in transcriptional regulation, which employs different mechanisms from the canonical PRC2 complex.
Computational inference of transcriptional collaborator of EZH2 in prostate cancer
Because EZH2 binds to solo peaks independent of its Polycomb repressor activity, we hypothesized that a distinct set of transcriptional collaborators mediates the recruitment of EZH2 to solo peaks and its gene activation function in abl cells. Therefore, we performed computational analysis that integrates multiple data sources to systematically screen for the potential transcriptional collaborators of EZH2.
The workflow of our computational approach, named Gene Signature Association Analysis (GS2A), is illustrated in Fig. 2A . GS2A first selected the 56 EZH2-activated targets as "signature genes", whose expressions are expected to reflect the activities of EZH2-involved transcriptional network in gene activation (Supplemental Table 2 ). Next, GS2A screened 2,196 candidates, including transcription factors, cofactors, and chromatin regulators, to identify those coexpressed with the signature genes in the compendiums of gene expression profiles from clinical prostate tumor samples. To measure the significance of coexpression association between a candidate regulator and a signature gene set, all the genes in a profiling dataset are ranked in order of their correlation with the candidate, followed by Gene Set Enrichment Analysis (GSEA) that measures the enrichment of signature genes in the top of the ranked list (15) . A proof-of-concept hit is EZH2 itself, as most signature genes are at the top of the list sorted in descending order of the correlation with EZH2 (Fig. 2B) . In contrast, the signature genes are almost uniformly distributed with a housekeeping gene ACTB (Fig. 2C) .
To improve the accuracy and reproducibility of the association analysis, we included two independent gene expression profiling datasets: a compendium of 131 primary prostate tumor samples on Affymetrix exon arrays (26) , and The Cancer Genome Atlas (TCGA) RNA-seq data that includes 140 primary prostate tumor samples (27) . Since these expression cohorts have different profiling platforms, batch effects, and sample collection bias, GS2A generates one rank-ordered list for each 
cohort based on GSEA score, and employs a Robust Rank Aggregation (RRA) approach to compute a consensus rank list that integrates evidence from both cohorts. To this end, GS2A identified 35 genes that are reproducibly coexpressed with the signature genes (Supplemental Table 3 ). As expected, EZH2 itself is top-ranked.
Among the 35 candidate genes, 6 have established sequence-specific motif matrixes. BRCA1 does not directly bind to DNA, but a de novo BRCA1 motif can be derived from published BRCA1 ChIP-seq data. We scanned the motifs of these 7 factors in the pool of EZH2 solo peaks, and found that E2F1 binding sequence to be the most significantly enriched (Fig. 2D) . Indeed, the coexpression association result showed a positive correlation of E2F1 with EZH2-activated signature genes (Supplemental Fig. 2A) . Interestingly, the expression levels of EZH2 and E2F1 are only marginally correlated (Supplemental Fig. 2B ), implying a direct correlation of E2F1 with EZH2-activated signature genes. Since E2F1 directly binds to DNA, investigation on its role in EZH2-associated pathway may clarify the molecular mechanisms underlying the recruitment of EZH2 to solo peaks. Therefore, we focused on E2F1 for subsequent analysis.
Co-localization of EZH2 and E2F1 at chromatin regulatory elements lacking of H3K27me3 signals
To validate the genomic co-localization of EZH2 and E2F1, we first performed direct ChIP against either EZH2 or E2F1 at a number of selected locations. While EZH2 is enriched at both types of sites, E2F1 can only be detected at solo peaks (Fig. 3A) . We then generated the E2F1 ChIP-seq profile in abl cell, and the global chromatin binding profiling confirmed the enrichment of E2F1 binding at the proximal regions of EZH2 solo peaks, but not at the ensemble peaks (Fig. 3B) . We also retrieved two public available E2F1 ChIP-seq datasets, one in the cervical cancer cell line Hela and the other in the breast cancer cell line MCF-7 (28). We found that more than 60% of EZH2 solo peaks overlap with E2F1 binding sites in at least one of the cell lines mentioned above, whereas less than 10% of the ensemble peaks overlap with E2F1 localization (Fig. 3C ). This suggests that the EZH2 solo peaks are mostly conserved E2F1 binding sites in human cancers. We next performed the coimmunoprecipitation assays, and detected a clear interaction between endogenous EZH2 and E2F1 proteins in abl cells (Fig. 3D) , suggesting that these two factors bind to each other physically. To this end, we conclude that EZH2 and E2F1 co-localize within a transcriptional complex at a specific subset of chromatin regulatory elements that lack the signals of repressive histone mark H3K27me3.
Mutual activation of downstream targets by the transcriptional complex consisting of EZH2 and E2F1
To validate the cooperation between EZH2 and E2F1 on transcriptional control, we compared the transcriptional programs induced by either protein. We found significant overlap between EZH2-and E2F1-activated genes (Fig. 4A ), but observed little overlap between the repressed genes (Supplemental Fig. 3 ), suggesting that both proteins are involved in the same transcriptional network leading to similar gene activation patterns. Specifically, most EZH2-stimulated signature genes are downregulated upon E2F1 knockdown (Fig. 4B) . When we overexpressed E2F1 in prostate cancer cells, the transcriptional levels of EZH2-induced genes are significantly increased (Supplemental Fig.   4 ). Similarly, the expression levels of genes directly activated by E2F1 (Supplemental Table 4 ) are also decreased when silencing EZH2 (Fig. 4C) . The EZH2-mediated regulation of E2F1 targets is not likely through the modulation of E2F1 level, since the E2F1 protein expression did not show dramatic changes upon EZH2 silencing (Supplemental Fig. 5 ). These results further imply the direct crosstalk between EZH2 and E2F1 in transcriptional control. The collaboration between EZH2 and E2F1 can also be demonstrated in some other biological systems. Data in mouse fibroblast showed similar upregulation pattern of EZH2-activated signature genes upon E2F1 overexpression (29) ( Supplementary Fig. 6A ). Likewise, E2F1-activated signature genes were significantly downregulated when EZH2 was depleted in the primary erythroid progenitor cells (30) (Supplemental Fig. 6B ). To determine the functional significance of the collaboration between EZH2 and E2F1, we correlated the chromatin binding profiles of EZH2 and E2F1 with the gene patterns activated by either protein in abl cells (Fig. 4D) . Since 98.8% of the genes containing EZH2 solo peaks are also bound by E2F1 (Supplemental Fig. 7) , we included unique E2F1 binding sites and background sequences as controls.
It is noteworthy that the enrichment of binding sites near activated genes became the most prominent when considering the co-localization of EZH2 solo and E2F1 peaks at target genes coactivated by both. These data further confirmed the significance of EZH2 and E2F1 collaboration on direct activation of downstream genes.
Association of EZH2-E2F1 pathway with genomic aberrations in prostate cancer
Somatic mutations of EZH2 have been identified in various lymphoid and myeloid neoplasms (31).
However, EZH2 is frequently overexpressed but rarely mutated in prostate tumors (32) . It is thereby compelling to explore the genetic alterations that activate EZH2-associated signaling. The Rb/E2F pathway has been well established as the upstream regulator of EZH2 expression (33) . MYC coordinately stimulates EZH2 expression (34) and induces the expression as well as the transcriptional activity of E2F1 (35) . Therefore, MYC amplification and RB1 deletion, the genomic abnormalities that are frequently observed in a wide range of cancer types, may drive an EZH2/E2F1-dependent transcriptional program for cancer progression.
We firstly compared the sequence of castration resistant abl cells against the parental androgendependent LNCaP using whole genome re-sequencing. MYC amplification and RB1 deletion were both observed in abl compared with LNCaP (Fig. 5A) (Fig. 5B ). These observations suggest that the combination of MYC amplification and RB1 deletion may contribute to the activation of EZH2 and E2F1 signaling during prostate cancer progression.
In summary, we propose a schematic model of EZH2-E2F1 oncogenic pathway in prostate cancer, as shown in Fig. 5C . The MYC amplification and RB1 deletion drive the activation of the transcriptional network consisting of EZH2 and E2F1. Co-binding of EZH2 and E2F1 at a specific set of chromatin regulatory sites further activates downstream genes that play critical roles in cancer cell proliferation.
Conservation of EZH2-E2F1 pathway in DLBCLs and its clinical implication
To investigate the conservation of EZH2-E2F1 pathway in other cancer types and extend our discoveries to potential clinical applications, we collected the expression profiles in diffuse large B-cell lymphomas (DLBCLs) (3), and examined the expression patterns of EZH2-activated signature genes derived from prostate cancer cells under this scenario (Fig. 6A ). This dataset includes the transcriptional profiles in 10 DLBCL cell lines treated with the small-molecule EZH2 inhibitor GSK126, as well as the profiles upon EZH2 knockdown in two of the GSK126-sensitive DLBCL cell lines, Pfeiffer and KARPAS-422.
We found that majority of the signature genes derived from abl cells are also downregulated upon EZH2 silencing or inhibitor treatment in DLBCL lines. However, the EZH2-repressed genes do not show a trend of derepression upon EZH2 perturbation. The magnitudes of the average expression changes for the activated signature genes are maximal in GSK126-sensitive cell lines, and are attenuated in GSK126-insensitive cell lines. In contrast, the expression changes of the canonical EZH2-repressed genes do not agree with the cell responsiveness to GSK126 (Fig. 6B) . We specifically examined the levels of three previously reported EZH2-repressed genes, CDKN1A, IRF4 
and PRDM1 (36, 37) . These genes do not show significant or consistent upregulation in both DLBCL and prostate cancer cells upon either GSK126 treatment or EZH2 knockdown (Supplemental Fig. 8 ).
We found similar correlation between the efficacy of GSK126 and gene expression changes in prostate cancer cells. GSK126 displayed relatively minor effects in LNCaP cells, but dramatically retarded the androgen-independent growth of abl (Supplemental Fig. 9) . Interestingly, the genes that are co-activated by EZH2 and E2F1 were significantly downregulated by GSK126 in abl cells, and their levels were barely changed in LNCaP (Supplemental Fig. 10 ). Taken together, these results suggest that the activity of EZH2-E2F1 complex may determine the cancer cell response to the pharmacological inhibition of EZH2.
To further confirm the conclusion in clinical scenarios, we computed the gene expression correlation in the dataset from DLBCL patient samples (38) . Both EZH2 and E2F1 are significantly correlated with the signature genes in clinical samples (Fig. 6C and D) . The close correlation of EZH2 and E2F1 with their coactivated genes in clinical cases as well as with the cell responsiveness to EZH2 inhibitors support the ideas that the regulatory network between EZH2 and E2F1 plays an important role in determining the cancer-specific transcriptional profiles, and that activation of this signaling may contribute to the cellular behavior in response to EZH2-targeting drugs for cancer treatment.
DISCUSSION
In this study, we demonstrated that EZH2 and E2F1 form a transcriptional complex co-localizing at specific chromatin sites to activate the downstream target genes. By integrative analysis using the GS2A pipeline, we found E2F1 as the top candidate that significantly correlates with the expression levels of EZH2-activated signature genes, and E2F1 co-localizes with EZH2 at specific chromatin sites in cancer cells. Most importantly, our discoveries from the cell models fit well with the sceneries in clinical tumors, and the findings provide clinical implications for EZH2-targeting inhibitors as anticancer therapy.
As a strong regulator of cell growth, the Rb/E2F pathway is commonly deregulated in many types of human cancers, such as Rb loss and E2F1 amplification/overexpression. Although being originally recognized to induce apoptosis after DNA damage, E2F1 is frequently upregulated in high-grade tumors and the increased level is closely associated with poor patient outcomes (39) . The downstream target genes of E2F1, in particular those involved in cell cycle progression, are abnormally overexpressed in cancers. Although regulation of E2F1 activity by EZH2 has been indicated in human cancers (40, 41) , our findings provided a novel insight into the mechanisms of how perturbations of the Rb/E2F1 signaling lead to lethal tumor phenotypes through interaction with EZH2.
The direct crosstalk between EZH2 and Rb/E2F1 pathway reinforce the gene expression patterns critical for cancer cell growth and thus constitutes a deadly alliance that underpins tumor progression.
Our previous work demonstrated the interplay between EZH2 and AR signaling critical for prostate tumor progression (9) . Although the androgen response element (ARE) is not listed among the top transcription factor binding motifs enriched in EZH2 ChIP-seq dataset, we confirmed its significant enrichment in the proximal region of EZH2 solo peaks. It is interesting to note that the Rb/E2F1 pathway has been shown as a critical regulator of AR expression and transcriptional activity (42) (43) (44) .
Although the activator E2Fs are generally believed to have a great deal of functional redundancy, only E2F1 and E2F3 were shown to enhance AR activity, while E2F2 was insufficient for this function (42) .
Interestingly, besides E2F1, our GS2A analysis implied the potential involvement of E2F3 in the transcriptional network with EZH2 as well, but not E2F2. This result not only confirms that GS2A is a powerful and practical approach to infer the biologically important signaling, but also indicates a decisive role of EZH2-E2F-AR axis in controlling downstream genes important for cancer progression.
Several questions remain unsolved for the mechanisms underpinning this critical transcriptional network for cancer progression. First, it is unclear about the precise molecular events that link the interplay between EZH2 and E2F1 to the transcriptional activation. Non-histone substrates for EZH2, such as the transcription factors GATA4 and STAT3, have been identified (45, 46) , and the modifications influence the transcriptional activities by modulating either the protein stability or other post-translational modifications critical for transactivation. Since the enzymatic activity of EZH2 is required for the gene expression programs co-regulated by E2F1, it is possible that E2F1 is another non-histone substrate of EZH2. Second, it is intriguing that de-repression of EZH2-repressed genes were not always observed in response to either EZH2 silencing or inhibitor treatment. In contrast, the genes that are directly activated by EZH2 were consistent downstream targets of the EZH2-E2F1 complex. The activities of EZH2 as either a transcriptional repressor or a transcriptional inducer have been both indicated, and the potential mechanisms of its conflicting functions may be the involvement of EZH2 in specific transcriptional complexes or pathways (47). It is therefore worth exploring the signaling/factors that determine the diverse and context-specific functions of EZH2. Third, although we showed strong correlation between MYC amplification and EZH2/E2F1 co-regulated genes, the connection of the genetic alterations with the activities of EZH2-E2F1 network is yet incomplete. It is plausible that such genetic aberration induces the transactivation of EZH2 and E2F1 through modulation of critical cis-acting elements, and therefore amplifies the cascades of the transcriptional network (48).
In summary, our work uncovered the collaboration between EZH2 and E2F1 in controlling downstream genes that are highly expressed in aggressive tumors. The mechanisms underlying EZH2-E2F1 complex for cancer progression and their therapeutic potential await future research to be better understood and utilized. Motif enrichment at EZH2 solo peaks for 7 top-ranked candidates with known motif matrices. 
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